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Graph theory provides a useful representation of, and mathematical toolkit
for, analyzing how things are connected together. This collection of research
investigates the use of graph theory as a representation of how foods are con-
nectedtogether. Theﬁrsttwostudiesvalidatethesubjectquestioningprocedure
used to create a graph model out of responses and the ﬁnal study introduces a
new approach to using this methodology to optimize ﬁeld ration menus for the
United States Army.
In the ﬁrst study, we began by asking subjects whether or not pairs of in-
gredients would be appropriate to combine on a salad. Next, using graph the-
oretic methods, we predicted which combinations of 3-8 components should
go together. Subjects were then asked whether or not particular combinations
were appropriate to combine on a salad. A paired Wilcoxon test between the
predicted and non-predicted combinations was signiﬁcant for all combination
sizes.
The second study tested the principle of supercombinatorality, i.e. that food
combinations (of more than two items) that are fully compatible on a pairwise
basis are more compatible than combinations that are not fully compatible pair-
wise. This study extended the previous ﬁndings to group data. Purchase intent
responses to pairs of different pizza toppings were collected and used to predict
pizzas (with one to 6 toppings) that would appeal to the entire group. Results
showed purchase interest to be higher for the predicted pizzas than for non pre-dicted pizzas supporting the supercombinatorality principle.
The ﬁnal study extends the graph theory representation to military rations
known as Meal-Ready-to-Eat or MREs. MRE menus are composed of 11 dif-
ferent food categories (entr´ ee, side, snack, etc.) and there are multiple items
available in each category. From these items there are over 22 billion potential
menus. Categories and items were screened to create a list of the most impor-
tant ones and we asked soldiers whether or not pairwise combinations of com-
ponents were appropriate to combine in a meal. Using graph theoretic tools,
predictions were made of optimal MRE menus and rankings were attached to
prediction in order to assist the product developers in screening old and new
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ixCHAPTER 1
INTRODUCTION
1.1 Food Combinations
The prediction of peoples preferences for combinations of food items is a chal-
lenging topic that has been met with varied success. Eindhoven and Peryam
(1959) showed that the prediction of peoples preferences for combinations of
food items, such as menu items, was more complex than just a linear addi-
tivity of the preference for the individual items. The reason for this complex-
ity is that properties such as texture, color and separation of items (Eindhoven
and Peryam, 1959; Pilgrim, 1961), context and consumer ethnicity (Marshall and
Bell, 2003; Niewind et al., 1986), frequency of consumption (Marshall and Bell,
2003) and hypo-additivity or the a la carte effect (Lawless, 1994) all contribute
to our psychological models of foods.
There have been numerous attempts at speciﬁc methodologies to evaluate
optimal combinations of food items. Worsley et al. (1984) had grade school stu-
dents evaluate 780 pairwise combinations of food items and answered how well
the foods in each pair would go together to form a nice meal. This type of pair-
wise analysis is best analyzed by multidimensional scaling (Schiffman et al.,
1981), a method of creating visual perceptual maps from similarity data. This
MDS methodology has been extended by using cluster analysis to ﬁnd entr´ ees,
starches and desserts that were close to each other, and followed by a regression
analysis to predict compatibility ratings of the three component meal from the
ratings given to the component pairs (Klarman and Moskowitz, 1977). A modi-
ﬁed Just About Right scale (Johnson and Vickers, 1987) can also be used to eval-
1uate optimal pairs of food items, and in the case of a wine and cheese pairing the
two anchors would be cheese dominates excessively and wine dominates exces-
sively with an ideal match point in the center (King and Cliff, 2005). Niewind
et al. (Niewind et al., 1986) used a novel dual-scaling analysis (Nishisato, 1984)
rather than MDS to analyze pairwise similarity categories on 39 different side
dishes with 4 different main items. Dual scaling (also known as correspondence
analysis or CA) provides a way of quantifying and testing for signiﬁcant differ-
ences between categorical data, such as complex questionnaires.
Other strategies have evolved for evaluating more than two items, which
gets at the heart of meal optimization. Current menus can be evaluated over
the course of a full menu rotation in a production setting for optimizing which
overall meals provide the best hedonic scores (Pagliarini et al., 2005). Before
each shuttle mission, NASA astronauts undergo tastings where they evaluate
each available component, often from military Meal-Ready-To-Eat or MREsTM,
and provide hedonic ratings of each (Kerwin and Seddon, 2002). The menus are
then picked and then repeated every 4 to 6 days. Cards with full meals listed on
them can be sorted into eat and not eat piles (Jonsson et al., 1991) and evaluated
by proportions accepting or not accepting the full meals.
The question of how to optimize food combinations has commercial appli-
cations in restaurants and ready-to-eat home meals, and also more customized
applications in institutional settings where menus are not necessarily decided
on by the consumers, such as prisons and schools.
21.2 Menus
One speciﬁc type of food combination is a meal. A meal is deﬁned in Websters
Revised Unabridged Dictionary as The portion of food taken at a particular time
for the satisfaction of appetite; the quantity usually taken at one time with the
purpose of satisfying hunger; a repast (Webster, 1913). This deﬁnition does not
capture the complexity of the meal experience and give any indication of how to
control it. The food industry has not spent much effort developing meals, rather
focusing on individual items (Meiselman, 2000). Meiselman (2000) notes that
thereasonforthisgapisbecauseofthecomplexityofthemealexperiencewhich
is composed of social, psychological (see Lawless and Heymann, 2010, chap. 2)
and nutritional factors. For our purposes we deﬁne a meal as a combination of
foods from separate categories intended to be consumed together.
An example menu for a typical southern American meal is smoked pork
with barbeque sauce, corn bread, baked beans, coleslaw and lemonade. The
categories in this example are protein, sauce, starch, bread, vegetable and drink
respectively. The reason that these items work well together to create a cohesive
southern American summer barbeque concept is beyond the scope of this pa-
per, but it includes all of the factors listed above - social: history and tradition,
psychological: ﬂavor contrasts (Lawless, 1977, 1979, 1987; Lawless and Hey-
mann, 2010; Lawless, 2000) and nutritional: protein, fat and starch. The reader
could easily come up with a favorite meal from their childhood and also note
the complexity as to the reasons why? the favorite meal is a good concept.
When consumer scientists and researchers create meals for manufacturing,
it is the complexity of the meal concept that drives development, paradoxically,
3away from consumer driven approaches. Many foodservice manufacturers em-
ploy research chefs or use internal experts to make meal concept decisions.
Other sources for concepts include teams of food scientists or established liter-
ature. All of these approaches are notable for the lack of utilizing the intended
consumer of the product as a source of information on how the components
should be combined together.
1.3 Regression Approaches
Regression analysis adds predictive capabilities to meal acceptability combina-
tion data. The regression equations typically take on some variation of this
form, where meal acceptability data of the individual components predicts
whole meal results (Hedderley and Meiselman, 1995; Moskowitz and Rogozen-
ski, 1983; Turner and Collison, 1988):
WholeMeal = 0 + 1(Appetizer) + 2(Entree) + 3(Dessert)
Modiﬁcations to the regression equation have been applied to the applica-
tion of cyclic menus by means of a squared coefﬁcient (Moskowitz and Ro-
gozenski, 1983) for time since last presentation. One of the effects noted above
for combinations of food items is that scores are not additive. In one novel
study individual items and meals were judged by soldiers on a barter scale,
which asked them how many candy bars they would trade for a given indi-
vidual food item and for combinations of food items as meals (Lawless, 1994).
Results show that meals were discounted. When evaluated as a whole on the
barter scale, the desert bars traded for the whole meal did not add up to the
4sum of the individual components. Conjoint analysis is a more advanced re-
gression approach, based on consumer responses, which has achieved some
success in predicting consumer preference (Green and Srinivasan, 1978; Luce
and Tukey, 1964). Conjoint analysis predicts combinations by presenting multi-
ple scenarios with different factor levels of the same factor (e.g. different entr´ ees
or sauces) and ﬁnding utility scores for each factor level for its contribution to
the overall concept. Using this approach, an optimal concept can be predicted.
A more recent advancement in conjoint based approaches allows the consumers
themselves to choose the factor levels in which they are interested from a list of
alternatives (Liechty et al., 2001).
1.4 Graph Theory
In 1736 Leonhard Euler, a mathematician who has made great contributions to
ﬁelds ranging from optics and astronomy to geometry and calculus, published
a short proof known as the K¨ onigsberg Bridge Problem (Euler, 1736). The town
of K¨ onigsberg, during the time of Euler, had seven famous bridges. He asked
whether or not a person could take a walk through the town and cross all seven
bridges exactly once. At the time it seemed like an interesting mathematicians
puzzle, but now is widely recognized as the origins of graph theory. Eulers
bridges are presented in Figure 1.1, both as he drew them (left) and as a cyclic
graph (right). Using the graph, the question rephrased is simply can you draw
a line such that it traverses each vertice point once and only once? Such a path
is called a Euler trail (Bollobaas, 1998). Euler subsequently proved that a Euler
trail was not possible using the 7 bridges.
5Figure 1.1: Euler’s seven bridges. The graph on the right represents the
bridge model on the left.
The basic constructions of graph theory are straightforward. A graph is a
collection of objects called vertices (Bollobaas, 1998) joined together with con-
nections called edges. The study of graphs is typically fruitful in any endeavor
in which items may be either related or not, such as electronic circuit design
(Bollobaas, 1998), protein interactions (Palla et al., 2005), social network analy-
sis (Knoke and Yang, 2008) and internet search (Brin and Page, 1998).
1.5 Graph Theoretic Approach to Food Combinations
A recent development in the search for optimal combinations of components
takes a new approach, one based on relatively recent mathematical advances.
In particular, Ennis and Fayle (2010) have proposed a graph theoretic approach
to determining compatibility (see also Ennis et al., 2010, 2011).
To illustrate the use of graph theory in the study of food item compatibility,
we view a list of 25 salad toppings as 25 vertices on a graph. In this case, we
6consider vertices to be connected exactly when the salad toppings are compati-
ble. Our challenge of ﬁnding compatible larger collections of salad toppings can
then be translated into the graph theoretic challenge of ﬁnding larger collections
of vertices that are fully interconnected. Such collections of vertices are called
cliques. In the case of subject response data, if the three pairwise combinations
of ingredients Apple-Carrot, Banana-Carrot and Apple-Banana are compatible,
then the larger combination or clique Apple-Banana-Carrot is a predicted com-
patible combination. However, if one of the three pairs is not compatible, such
as Apple-Carrot, then the larger combination is not a predicted combination
(nor is it a clique).
Using this clique ﬁnding technique, vast numbers of combinations can be
eliminated from consideration, allowing the researcher to focus attention on a
short of list of fully compatible combinations. This method is not meant to sup-
plant existing techniques but rather is meant to complement existing methods
by helping researchers screen large numbers of combinations down to a reason-
able size list that can then be analyzed in greater detail.
1.6 Research Program
The goal of the current research program is to apply the Ennis and Fayle (2010)
graph theoretic approach to foods and to propose an extension to the approach
for menus and to test the validity of a crucial assumption. In particular, in any
product category in which we wish to apply the graph theoretic approach, in
order to justify the elimination of combinations that are not fully pairwise com-
patible and to reasonably focus only on combinations that are fully pairwise
7compatible (i.e. the cliques), we need to know that the following assumption
holds:
Principle of Supercombinatorality (SC): Combinations that are fully pairwise
compatible will be considered more compatible overall than combinations that
are not fully pairwise compatible.
SC is so named as it asserts that compatible combinations can be super-
constructed from compatible pairs. In the language of food science, SC says
that compatible food products can be constructed from compatible food compo-
nents. In the language of graph theory, SC says that cliques will be considered
more compatible than non-cliques. In doing so, we will validate the underlying
psychological effect, the property of supercombinatorality, which allows us to
take pairwise consumer response data and scale it up to larger combinations.
This novel approach is then extended to menu development where cross cate-
gory comparisons are introduced and an analysis is proposed. Finally, we show
a method for ranking the results to provide more speciﬁc feedback to consumer
scientists.
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12CHAPTER 2
STUDY OBJECTIVES
2.1 Validating a Graph Theoretic Screening Approach to Food
Item Combinations
The aim of this study was to investigate and validate the concept that com-
patibility information on pairs of items, gathered via a consumer questioning
procedure, can be used to predict larger combinations of items. An important
concept in this study was that this scaling up was tested at the individual level.
The validation of this scaling up at the individual level would give consumer
researchers a new tool to investigate food combination consumption patterns.
2.2 A Group Level Validation of the Supercombinatorality
Property: Finding High-Quality Ingredient Combinations
Using Pairwise Information
The aim of this study was to extend the previous study by investigating the
supercombinatorality property at the group level and with a new product sys-
tem (pizza toppings). This investigation showed techniques for combining in-
dividual pairwise response data into a group response matrix, which was then
used to create predictions. These predictions were then checked by the same
individuals. If this study were successful it would show how to validate the
supercombinatorality property with ones own product system, as well provide
13the ﬁrst results of the type of supercombinatorality study that could be used in
real-world scenarios.
2.3 A Graph Theoretic Approach to US Army Field Ration
Menu Development
Menus are unique types of combinations of foods because, unlike pizza and
salad ingredients, the items to be combined come from separate categories. This
study extended the graph theoretic approach to menu development using the
Meal-Ready-to-EatTMand also introduced a ranking system for proposed combi-
nations to predict their potential success. Being able to predict menus from pair-
wise responses would allow researchers to overcome complex problems related
to other menu development approaches and provide a comprehensive toolkit
for investigating combinations of foods.
14CHAPTER 3
VALIDATING A GRAPH THEORETIC SCREENING APPROACH TO
FOOD ITEM COMBINATIONS
3.1 Abstract
Tools from the mathematical ﬁeld of graph theory potentially allow the con-
sumer scientist to efﬁciently analyze large numbers of combinations of food
items, such as components on a salad. In this study, we tested the validity of
such an approach. We began by asking subjects whether or not pairs of ingre-
dients would be appropriate to combine on a salad. Next, using graph theo-
retic methods, we predicted which combinations of 3-8 components should go
together and, perhaps more importantly, which combinations should not. Sub-
jects were then asked whether or not particular combinations were appropriate
to combine on a salad. A paired Wilcoxon test between the predicted and non-
predicted combinations was signiﬁcant for all combination sizes.
3.2 Practical Applications
A consumer driven graph theory methodology provides a screening tool to
quickly and efﬁciently reduce a vast number of combinations of food items
down to a reasonable number which can then be evaluated by the consumer
scientist using suitability criteria together with more traditional tools. In the
case of salads, we screened over 1.7 million combinations and eliminated all but
a handful as being unsuitable. This methodology has potential in menu devel-
15opment, portfolio design and individual product formulations. The advantage
to the researcher is that the method can be inexpensively performed, is non-
biased and is comprehensive. This study validates the use of this approach in a
particular screening application.
3.3 Introduction
The challenge of ﬁnding optimal combinations of food items, an important
problem with effectively unlimited commercial applications, has been visited
repeatedly with varying levels of success. For instance, Eindhoven and Peryam
(1959) observed that the prediction of peoples preferences for combinations of
food items, such as menu items, was more complex than just a linear additivity
of the preference for the individual items. Factors such as texture, color and
separation of items (Eindhoven and Peryam, 1959; Pilgrim, 1961), context and
consumer ethnicity (Marshall and Bell, 2003; Niewind et al., 1986), frequency of
consumption (Marshall and Bell, 2003) and hypo-additivity or the a la carte ef-
fect (Lawless, 1994) have all been found to complicate this combinatorial effect.
In addition, there are considerable individual differences that lead to ones hedo-
nic feelings towards a particular food item. Taste, over texture or appearance, is
the strongest predictor of liking but this is by no means ubiquitous (Moskowitz
and Krieger, 1995). Further, in Moskowitz and Krieger (1995), overall liking was
predicted poorly by liking of individual components (R2 values of 0.4 - 0.7). It
followsthatifimmediateprogressistobemadetowardsmeetingthischallenge,
a simpliﬁcation would be desirable, and it was in search of such a simpliﬁcation
that Worsley et al. (1984) had grade school students evaluate 780 pairwise com-
binations of food items and answer how well the foods in each pair would go
16together to form a nice meal.
A classical approach to analyzing pairwise information is to employ mul-
tidimensional scaling (MDS); whether deterministic (Schiffman et al., 1981) or
probabilistic (Ennis et al., 1988); a method of creating visual perceptual maps
from similarity data. This MDS methodology has been extended with cluster
analysis to ﬁnd entr´ ees, starches and desserts that were close to each other,
and followed by a regression analysis to predict compatibility ratings of the
three component meal from the ratings given to the component pairs (Klarman
and Moskowitz, 1977). A modiﬁed just-about-right scale (Johnson and Vickers,
1987) can also be used to evaluate optimal pairs of food items, and in the case of
a wine and cheese pairing the two anchors would be cheese dominates exces-
sively and wine dominates excessively with an ideal match point in the center
(King and Cliff, 2005). Niewind et al. (1986) used a novel dual-scaling analysis
(Nishisato, 1984), rather than MDS to analyze pairwise similarity categories on
39 different side dishes with 4 different main items. Dual scaling (also known
as Correspondence Analysis or CA) provides a way of quantifying and testing
for signiﬁcant differences between categorical data, such as complex question-
naires.
Regression analysis adds predictive capabilities to meal acceptability com-
bination data. The regression equations typically take on some variation of
this form, where meal acceptability data of the individual components predicts
whole meal results (Hedderley and Meiselman, 1995; Moskowitz and Rogozen-
ski, 1983; Turner and Collison, 1988):
WholeMeal = 0 + 1(Appetizer) + 2(Entree) + 3(Dessert)
17Modiﬁcations to the regression equation have been applied to the applica-
tion of cyclic menus by means of a squared coefﬁcient (Moskowitz and Ro-
gozenski, 1983) for time since last presentation. One of the effects noted above
for combinations of food items is that scores are not additive.
A more complex regression based method is conjoint analysis, which
presents whole product concepts containing multiple elements or effects (pack-
aging design, suggested time of eating, ﬂavors, etc.) (Green and Srinivasan,
1978). Multiple concepts containing presence or absence of multiple values or
levels of each of the different effects are presented to each subject and are either
rated on a scale or as a binary accept/reject. Regression analysis is used to deter-
mine the individual worth of each element towards the entire concept, and the
model can then be used to ﬁnd the best performing combination of attributes
(Moskowitz and Silcher, 2006). Conjoint analysis is strongly inﬂuenced by the
axioms presented by Luce and Tukey (1964) which set a mathematical ground-
work for what Luce and Tukey (1964) called conjoint measurement and justiﬁed
the breaking down and recombining of individual effects to create an overall
model. One of the criticisms of conjoint analysis is that the concepts presented
to the subjects must be derived by the practitioner and elements combined in
such a way as to make them all independent of each other in the subsequent
analysis. A conjoint analysis measurement containing multiple effects and mul-
tiple levels, therefore, can have hundreds or thousands of different concepts to
present to a consumer, which is a mentally challenging task and also greatly
dependent on the abilities of the practitioner to design a good test.
In this paper, we explore an alternative approach to tackling problems in-
volving pairs and combinations based on recent advances in mathematics and
18computerscience, speciﬁcallyintheﬁeldofgraphtheory(EnnisandFayle,2010;
Ennis et al., 2010, 2011). We will see that graph theory emphasizes connections
between items, rather than attributes of the items themselves and thus provides
a novel perspective to explore this area of perception. In particular, Ennis et al.
(2010) have proposed a consumer driven methodology utilizing graph theory to
approach our original challenge of ﬁnding optimal combinations of food items.
The choice of individual items is extremely ﬂexible; items can be individual
ﬂavors, ingredients, pizza toppings, components of a ready to eat meal, etc.
This method is not meant to replace existing methodology but instead is meant
to complement methods already in use by helping researchers screen a poten-
tially astronomical number of combinations down to a manageable number that
can then be studied using existing tools. For example, if a consumer packaged
goods company is developing a new frozen pizza, has 25 pizza toppings at their
disposal and is interested in pizzas with between two and eight toppings, there
are 1,807,755 possible pizzas to consider. Traditional strategies employed for
screening these hypothetical pizzas for additional consideration typically in-
clude: discussion among a small committee of people, previous sales data, or in
some cases consulting a single individual who is deemed to be an expert. But
these strategies, with the exception of conjoint approaches, are rarely consumer
driven.
The technique we investigate is one of asking for pairwise information re-
garding item compatibility. From this pairwise information, such as that col-
lected by Worsley et al. (1984) and mentioned earlier, we use techniques from
graph theory to build larger combinations suitable for additional examination
using existing tools. A vast number of unsuitable combinations will be elimi-
nated from consideration allowing us to avoid the problem size issues experi-
19enced by conjoint based approaches. As a metric for suitability, we will use ap-
propriateness (Schutz, 1988), a concept that stems out of the development that
acceptance is unpredictable and is not a great predictor of consumption (Sidel,
1972). By analyzing combinations under appropriateness conditions, the graph
theory method explored in this paper maximizes external validity, rather than
using hedonic ratings as a surrogate for whether or not people will consume an
item. The idea is to gather appropriateness information for pairs of items and
then use mathematical tools to ﬁnd combinations of items that are fully pairwise
appropriate. This technique will allow us to produce a short list of combina-
tions worthy of additional investigation. But the question remains, Is this graph
theoretic technique actually effective in practice? In other words, Is it true that
screened-out combinations are generally of low quality while combinations that
survive the screening process are generally of high quality?. The contributions
of this paper are then two-fold. In particular we show in this paper that for
a particular product category that the answers to the above questions are both
yes. But, more generally and more importantly, we demonstrate through our
example a process one might follow to verify that the graph theoretic screening
technique we review is appropriate for other product categories. Once this tool
has been veriﬁed for a category, the time and cost savings provided by the use
of graph theoretic screening are potentially great. To this end, we begin by re-
viewing concepts from graph theory that we need to conduct our screening. We
then describe an experiment conducted in the fresh salad category before we
present analysis demonstrating that, in this case, the screening technique was
effective according to the criteria listed above.
203.4 Graph Theory
The basic constructions of graph theory are straightforward. A graph is a collec-
tion of objects called vertices (Bollobaas, 1998) joined together with connections
called edges. See Figure 3.1 for an example of a graph with 8 vertices and 12
edges.
Figure 3.1: Graph with eight vertices and twelve edges.
The study of graphs is typically fruitful in any endeavor in which items may
be either related or not, such as electronic circuit design (Bollobaas, 1998), pro-
tein interactions (Palla et al., 2005), social network analysis (Knoke and Yang,
2008) and internet search (Brin and Page, 1998). To illustrate the use of graph
theory in the study of food item compatibility, we view a list of 25 salad top-
pings as25 vertices on agraph. In thiscase, we considervertices to be connected
exactly when the salad toppings are compatible. Our challenge of ﬁnding com-
patible larger collections of salad toppings can then be translated into the graph
21theoretic challenge of ﬁnding larger collections of vertices that are fully inter-
connected. Such collections of vertices are called cliques. In the case of subject
response data, if the three pairwise combinations of ingredients Apple-Carrot,
Banana-Carrot and Apple-Banana are compatible, then the larger combination
or clique Apple-Banana-Carrot is a predicted compatible combination. How-
ever, if one of the three pairs is not compatible, such as Apple-Carrot, then the
larger combination is not a predicted combination (nor is it a clique). Figure 3.2
shows the same graph as in Figure 3.1 with all of the (maximal) cliques high-
lighted. For our salad example, we hypothesize: 1) cliques represent poten-
tial successful salads and 2) non-cliques represent unsuccessful salads that can
safely be removed from future consideration. An experimental validation of
this hypothesis is the topic of our next section.
Figure 3.2: Graph from Figure 3.1 with maximal cliques circled.
223.5 Experimental Overview
The study presented in this paper tests our hypothesis that combinations that
are fully pairwise appropriate will be of high quality, i.e. will generally be
judged as appropriate combinations, while those combinations that are not fully
pairwise appropriate will be judged as inappropriate combinations. In order to
test this hypothesis, subjects were asked to provide appropriateness responses
for pairwise combinations of 25 salad ingredients. For each subject, their own
complete set of cliques was formed. Each subject was then asked whether or
not it was appropriate to combine larger combinations of ingredients in a salad,
using both cliques and random non-cliques for each size combination. Our pre-
diction was that the cliques method would perform signiﬁcantly better than
non-cliques.
3.6 Materials and Methods
3.6.1 Subjects
105 responses were collected for an internet-based pre-survey (54 male), which
gathered information on popular salad ingredients. 110 people participated in
the main study. Of those, 63 (22 male) were included in the ﬁnal analysis. The
reason that 47 responses were excluded is because of the mathematical fact that
if the subjects were too demanding or too accepting then there would not be
enough cliques to test against the non-cliques, or conversely. Thus, out of the
110peoplewhomcompletedthequestionnaire, 63continuedontothethirdpart
23of the survey. Prior to participation in the study, subjects were screened for reg-
ular salad consumption. Subjects gave informed consent and this investigation
was approved by the Cornell University Institutional Review Board.
3.6.2 Pre-Survey Details
The purpose of the pre-survey was to determine a list of 25 popular and familiar
ingredients for use in the main survey. An online questionnaire was developed
which asked subjects to list the ingredients they would want in their favorite
salad. Panelists were recruited via department email lists and internet-based
social networking websites. They were told that the salad included iceberg let-
tuce and no information was provided regarding a dressing. Similar ingredients
were combined (e.g. grilled chicken and chicken). The ﬁnal list is presented in
Table 3.1.
3.6.3 Main Survey Details
The survey for the second part of the study was conducted via computer at
the sensory evaluation testing facility in the Cornell University Department of
Food Science. Custom software was developed by the Institute for Perception to
mimic a paper survey methodology with the addition of automated responses
and analysis. This allowed us to reduce panelist variability by performing the
entire survey in a single session. For Part 1, subjects were presented with the
list of 25 ingredients, one at a time, and asked if under any circumstance they
would consider consuming that ingredient on a salad. If they chose no to any
24ingredient, that ingredient was removed from all subsequent parts of the survey
for that subject.
For Part 2, for each subject, all possible pairwise combinations from that
subjects remaining set of ingredients were generated. For example, if a subjects
selected 20 out of the 25 ingredients in Part 1, then 190 pairs were generated for
Part 2. The pairs were randomized in both overall order and with respect to
presentation order within the pairs. Subjects were asked, for each, to answer a
YES/NO question as to whether or not they would consider the pair appropri-
atetocombinetogetheronasalad. Afterappropriatenessinformationregarding
all pairs was collected, the software found cliques and non-cliques of sizes 3-8.
An equivalent number of cliques and non-cliques was presented for each, thus
controlling for any size effect in the subsequent statistical analysis.
Table 3.1: 25 popular salad ingredients determined from the pre-survey.
Similar ingredients were combined to produce a ﬁnal list used
in the subsequent supercombinatorial questionnaire.
Ingredients
Tomatoes Cucumbers Carrots Croutons
Bacon Blue Cheese Spinach Almonds
Chicken Chickpeas Feta Cheese Onions
Sunﬂower Seeds Black Olives Broccoli Dried Cranberries
Hard-Boiled Egg Cheddar Mushroom Avocado
Corn Apples Walnuts Beets
Bell Peppers
25For Part 3, the subjects were presented their own cliques and non-cliques
(no more than 100 in each condition). The order within and between sets of
ingredients was again randomized. In this part, as in Part 2, the subject was
asked whether each combination was appropriate to combine on a salad and
the software recorded the responses.
3.6.4 Data Analysis
For the overall analysis we chose to combine maximal cliques and non-maximal
cliques into a clique category. When a combination was chosen by a subject to
be appropriate, this was counted as compatible. For each subject and for all
subjects the total number of times a subject indicated that a combination was
compatible for each of the two conditions - predicted compatible combinations
(cliques) and predicted incompatible combinations (non-cliques) - was counted.
The Wilcox paired rank sum test is a non-parametric test which can be used to
evaluatewhetherornottwodistributionsofcountsoverlaporareseparate. This
test was used to compare the two distributions being tested - predicted compat-
ible vs. predicted incompatible - for all combination sizes. All data analysis was
performed in R 2.10.0 using the stats package.
263.7 Results
3.7.1 Pre-Survey
The pre-survey successfully met our goals of determining a list of 25 popular
salad ingredients, which are presented in Table 3.1. There were 161 unique in-
gredients ranging from obvious (mushrooms, cheddar cheese) to obscure (na-
cho ﬂavored chips, sour cream). The top 25 ingredients were agreed upon by
at least 10 people at a minimum, with the tomatoes (#1) being requested by 54
people.
3.7.2 Main Study
To test our hypothesis that the graph theoretic screening is valid, we used pair-
wise compatibility ratings to predict larger combinations of food items by ﬁnd-
ing cliques. Speciﬁcally, when cliques of 3+ food items were generated from
pairwise compatibility ratings, we hypothesized that the proportion of people
who would ﬁnd the cliques appropriate would be signiﬁcantly larger than the
proportion of people who would ﬁnd random non-cliques appropriate:
Ho : P(clique) = P(non   clique)
Ha : P(clique) , P(non   clique)
Figure 3.3 shows a graph generated from the pairwise compatibility infor-
mation from Panelist 1. Each connection in the graph represents a yes response
from the survey. Immediately it is apparent that for this panelist some ingredi-
27ents, such as bell peppers, are much more highly compatible than others, such
as apples and avocado, represented by the number of edges in the graph con-
nected to those nodes. The clique ﬁnding algorithm found all fully intercon-
nected combinations, or cliques, of 3 to 8 ingredients. A subset of these maximal
cliques, along with the tested non-maximal cliques and non-cliques is shown in
Table 3.2.
Figure 3.3: Graph from a panelist showing pairwise connectivity informa-
tion. Apples and Bacon are less compatible than tomatoes and
mushrooms.
Table 3.3 shows the results from the overall Wilcoxon test used to assess
predicted compatibility. For every clique size, there is signiﬁcant evidence in
support of our hypothesis that the graph theoretic screening is valid. It is par-
ticularly interesting to note that although one might expect less support for our
hypothesis for larger combination sizes, given how far removed those combina-
28tions are from the pairwise information, we observe supporting evidence even
for an eight component salad. Out of the 63 subjects, only 3 chose more non-
cliques than cliques as being compatible when summed over all combination
sizes. Proportions of people whom chose a greater number of cliques over non-
cliques as being compatible are shown in Table 3.4.
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31Table 3.3: Results summary from paired Wilcoxon signed rank test.
Counts of how many times subjects chose non-cliques were
compatible were compared to counts of how many times sub-
jects chose cliques to be compatible. In all combination sizes
tested, clique compatibilities were signiﬁcantly higher than non-
cliques compatibilities.
Combination Size P(clique) P(non-clique) Wilcox p-value
3 0.52 0.26 0.025
4 0.54 0.28 0.023
5 0.79 0.52 0.016
6 0.90 0.46 <0.001
7 0.79 0.55 0.006
8 0.93 0.53 <0.001
3.8 Discussion and Conclusion
A graph theoretic approach to determining optimal food combinations is a
novel approach that shows promise in addressing difﬁcult problems in con-
sumer research. In particular, the graph theoretic technique for screening out
inappropriate combinations described in this paper stands to augment existing
techniques by allowing researchers to quickly and easily arrive at a small list
of reasonable candidates that may then be examined using existing techniques.
In this paper we have presented results demonstrating the validity of a graph
theoretic screening approach for the fresh salad category. Showing that this ap-
proach is valid in other categories will be an important and necessary step in the
investigation of these graph theoretic techniques. The design presented in this
32paper, in which subjects were queried ﬁrst regarding appropriateness of pairs of
items and later regarding the appropriateness of larger combinations of items,
both cliques and non-cliques, can be used to test the validity of graph theoretic
screening in other product categories.
As can be seen by Table 3.4, some individuals do prefer non-cliques, and
some predicted cliques were not compatible. Thus it is possible that a good
combination could be missed by this approach (Type II error), or a predicted
combination could fail (Type I error). However, this method does reduce the
chance of both kinds of error. Further manual screening of predictions is a rec-
ommended approach to help protect against Type I error.
Table 3.4: Proportions of people who overall chose more cliques than non-
cliques to be compatible for each tested combination size.
Combination Size P(compatible)
3 0.82
4 0.77
5 0.77
6 0.92
7 0.75
8 0.96
There are a number of potential improvements to the method. Our compat-
ibility response data are binomial (Yes/No). Scaling of response data does offer
an alternative which may increase sensitivity and reduce the number of subjects
needed for stabilized results. Another potential improvement would be to al-
low subjects to taste individual items during the test as desired to familiarize or
re-familiarize themselves with the components, as this investigation operated
33under the assumption that everyone tested whom was a salad consumer was
familiar with all of the items.
As a ﬁnal point, it is worth noting that in our present study, we focused on
whether or not graph theoretic screening is valid at an individual level since
the cliques we presented subjects were based on their individual compatibility
responses for pairs of items. Testing whether or not graph theoretic screening is
valid at a group level is an additional important step in this research program.
Such group level testing will be the topic of future research.
34REFERENCES
Bollobaas, B. (1998). Modern graph theory. Springer-Verlag, New York, NY, 1
edition.
Brin, S. and Page, L. (1998). The anatomy of a large-scale hypertextual Web
search engine. Computer Networks and ISDN Systems, 30(1-7):107–117.
Eindhoven, J. and Peryam, D. R. (1959). Measurement of preferences for food
combinations. Food Technology, 13(7):379–382.
Ennis, D. M., Palen, J. J., and Mullen, K. (1988). A multidimensional stochastic
theory of similarity. Journal of Mathematical Psychology, 32(4):449–465.
Ennis, J. M., Ennis, D. M., and Fayle, C. M. (2010). Optimal product selection for
a drivers of liking project. IFPress, 13(1):2–3.
Ennis, J. M. and Fayle, C. M. (2010). Creating optimal products and portfolios.
Short Course. Rotterdam, The Netherlands.
Ennis, J. M., Fayle, C. M., and Ennis, D. M. (2011). From many to few: A graph
theoretic screening tool for product developers. IFPress, 14(2):3–4.
Green, P. E. and Srinivasan, V. (1978). Conjoint Analysis in Consumer Research:
Issues and Outlook. The Journal of Consumer Research, 5(2):103 – 123.
Hedderley, D. I. and Meiselman, H. L. (1995). Modelling meal acceptability in a
free choice environment. Food Quality and Preference, 6(1):15–26.
Johnson, J. and Vickers, Z. (1987). Avoiding the centering bias or range effect
when determining an optimum level of sweetness in lemonade. Journal of
Sensory Studies, 2(4):283–292.
35King, M. and Cliff, M. (2005). Evaluation of ideal wine and cheese pairs using a
deviation-from-ideal scale with food and wine experts. Journal of Food Quality,
28(3):245–256.
Klarman, L. and Moskowitz, H. R. (1977). Food compatibilities and menu plan-
ning. Canadian Institute of Food Science and Technology Journal, 10(4):257–264.
Knoke, D. and Yang, S. (2008). Social network analysis. Sage Publications, Los
Angeles, CA, 2nd edition.
Lawless, H. T. (1994). Contextual and measurement aspects of acceptability.
Luce, R. D. and Tukey, J. W. (1964). Simultaneous conjoint measurement: A
new type of fundamental measurement. Journal of Mathematical Psychology,
1(1):1–27.
Marshall, D. and Bell, R. (2003). Meal construction: exploring the relationship
between eating occasion and location. Food Quality and Preference, 14(1):53–64.
Moskowitz, H. R. and Krieger, B. (1995). The contribution of sensory liking to
overall liking: An analysis of six food categories. Food Quality and Preference,
6(2):83–90.
Moskowitz, H. R. and Rogozenski, J. G. (1983). A system for the preference
evaluation of cyclic menus. Foodservice Research International, 2(3):139–161.
Moskowitz, H. R. and Silcher, M. (2006). The applications of conjoint analy-
sis and their possible uses in Sensometrics. Food Quality and Preference, 17(3-
4):145–165.
Niewind, A. C., Krondl, M., and Van’t Foort, T. (1986). Combinations of foods
and their compatibility. Ecology of Food and Nutrition, 19:131–139.
36Nishisato, S. (1984). Forced classiﬁcation: A simple application of a quantiﬁca-
tion method. Psychometrika, 49(1):25–36.
Palla, G., Derenyi, I., Farkas, I., and Vicsek, T. (2005). Uncovering the overlap-
ping community structure of complex networks in nature and society. Nature,
435(7043):814–818.
Pilgrim, F. J. (1961). What foods do people accept or reject? Journal of the Ameri-
can Dietetic Association, 38(5):439–443.
Schiffman, S. S., Reynolds, M. L., and Young, F. W. (1981). Introduction to multidi-
mensional scaling: theory, methods, and applications. Academic Press, New York,
NY.
Schutz, H. G. (1988). Beyond Preference: Appropriateness as a Measure of Con-
textual Acceptance of Food. In Thomas, D. M., editor, Food Acceptability, chap-
ter 10, pages 115–134. Elsevier Applied Science, London, 1 edition.
Sidel, J. L. (1972). Correlation between hedonic ratings and consumption of
beer. Journal of Food Science, 37(2):335–335.
Turner, M. and Collison, R. (1988). Consumer acceptance of meals and meal
components. Food Quality and Preference, 1(1):21–24.
Worsley, A., Baghurst, P. A., Coonan, W., and Peters, M. (1984). A multi-
dimensional scaling exploration of ten year olds’ food combination rules.
Ecology of Food and Nutrition, 19:37–46.
37CHAPTER 4
A GROUP LEVEL VALIDATION OF THE SUPERCOMBINATORALITY
PROPERTY: FINDING HIGH-QUALITY INGREDIENT COMBINATIONS
USING PAIRWISE INFORMATION
4.1 Abstract
This study tested the principle of supercombinatorality, i.e. that food combina-
tions (of more than two items) that are fully compatible on a pairwise basis are
more compatible than combinations that are not fully compatible pairwise. Pre-
vious work has shown this to hold for salad ingredient combinations predicted
for individuals, but this has not yet been tested for groups. This study extended
the previous ﬁndings to group data, and in a different product system, namely
pizza toppings. Purchase intent responses to pairs of 25 different pizza toppings
were collected and used to predict pizzas (with one to 6 toppings) that would
appeal to the entire group. Results showed purchase interest to be higher for
the predicted pizzas than for non-predicted pizzas supporting the supercombi-
natorality principle. The study demonstrates that food product developers can
use consumer-driven data and a graph theoretic approach to screen large num-
bers of potential food combinations in order to predict successful combinations
and to do so in a highly cost-efﬁcient manner.
384.2 Introduction
All food products can be viewed as a item combinations, whether these items
areﬂavors(e.g. orangeandvanilla), ingredients(e.g. caramel, seasalt, sucralose
and Aceulfame K), components within a meal (e.g. entr´ ee, starch and vegetable)
or components within a menu item (e.g. inclusions in a salad or ice cream, or
toppings on a pizza). Analytical approaches to optimize combinations based on
preference have been elusive (Eindhoven and Peryam, 1959), in part due to the
vast numbers of possible combinations. For example, if one is trying to ﬁnd an
optimally liked pizza containing between one and six toppings, and there are
twenty-ﬁve unique toppings to choose from, there are almost one quarter of a
million possible pizzas to consider. It is not within the realm of traditional con-
sumer testing methods to explore this problem exhaustively and as a result the
most common method for solving the problem above is to use a consensus of
a few product developer, research chefs or marketing analysts to decide what
would be optimal combinations. To remedy this situation, we seek a method
with the following properties: 1) It must be complete: Every possible combina-
tion should be given the opportunity to be evaluated. 2) It must be consumer
driven: There are obvious problems to using a panel of company experts to
decide what consumers want. 3) It must be consumer friendly: The consumer
must be able to perform the evaluation in a reasonable amount of time and with
reasonable effort.
Previous approaches to this type of problem primarily used regression based
analyses (Hedderley and Meiselman, 1995; Moskowitz and Rogozenski, 1983;
Turner and Collison, 1988). In the basic model, acceptability of the entire com-
bination is predicted by acceptability of the individual components comprising
39the combination, such as entr´ ee, starch and vegetable. However, less than opti-
mal results have been achieved (Eindhoven and Peryam, 1959). Overall prefer-
ence is inﬂuenced by factors introduced by the combination itself, such as tex-
ture contrasts and color (Eindhoven and Peryam, 1959; Pilgrim, 1961), context
(Marshall and Bell, 2003; Niewind et al., 1986), and an a la carte effect (Lawless,
1994). For example, the a la carte effect is a cognitive economic effect where
people tend to discount the overall scores of groups of items over the sum of
the scores of the individual items. This was shown to exist in the context of how
many of the Desert Bar snack products that soldiers would trade for either indi-
vidual food stuffs from army ﬁeld rations or for the entire ration, and from this
it is suggested that this effect can and does contribute to the error associated
with these regression analyses. This basic regression approach could lead to
the following hypothetical scenario where students rate overall liking on com-
ponents for a meal. Individually, spaghetti, coleslaw and pretzels might all be
highly liked, but there is not any good justiﬁcation for combining these together
to create a meal, even though a regression model might predict it.
Conjoint analysis is a more popular extension of the regression approach
which has achieved a level of success in the consumer sciences (Green and Srini-
vasan, 1978; Moskowitz et al., 2006). In conjoint analysis, subjects are presented
with scenarios comprising of multiple factor levels of variables (e.g. color and
sweetness). In a traditional conjoint model, a paired comparison questioning
procedure presents two scenarios and subjects choose which scenario they like
better. Modiﬁcations have been developed which allow for scaling rather than
9-point hedonic scales (Jones et al., 1955) to compare scenarios. Most recently,
experimental choice menus allow for subjects to select from a choiceboard par-
ticular components or features that appeal to them, which more closely models
40how we might select courses from a restaurant menu (Liechty et al., 2001). For
all models, regression approaches calculate the importance of each factor level
to the overall concept. Optimal concepts can then be predicted based on the
results. An important design consideration of the conjoint approaches is in the
scenarios: factor levels must be chosen systematically in order to ensure bal-
anced results.
A recent development in the search for optimal combinations of components
takes a new approach, one based on relatively recent mathematical advances.
In particular, Ennis and Fayle (2010) have proposed a combinatorial approach
to determining compatibility (see also Ennis et al., 2010, 2011) that uses tools
from the mathematical ﬁeld of graph theory (Cazals and Karande, 2005; Va-
liente, 2002). According to this procedure, subjects answer binary (YES/NO)
compatibility questions for all possible pairs of components being investigated.
For example, if an investigation seeks best combinations of yogurt ﬂavors, with
ten ﬂavors under investigation there are forty-ﬁve pairs of ﬂavors that can be
formed out of the ten possible ﬂavors. Each subject then answers forty-ﬁve
questions regarding the compatibility of each pair. This small amount of data
is then used to garner information regarding the 1024 possible combinations of
ﬂavors using the following approach:
1) Each pair is classiﬁed as compatible or incompatible according to the pro-
portion of respondents that considered the pair compatible. The threshold level
for proportions, above which pairs are considered compatible, depends on the
goals of the study and is instance-speciﬁc.
2) Cliques (combinations that are fully pairwise compatible) are found using
graph theoretic techniques (Moon and Moser, 1965), and combinations that con-
41tain even one pair of items that are considered pairwise incompatible are elimi-
nated from consideration.
Following graph theoretic convention (Moon and Moser, 1965), combina-
tions that are fully pairwise compatible are called cliques. For example, suppose
we have three ﬂavors: Apple, Banana and Carrot. If the ﬂavor pairs Apple-
Banana, Banana-Carrot and Apple-Carrot are all considered compatible then
the combination Apple-Banana-Carrot is fully pairwise compatible and hence
is called a clique. On the other hand, if one of the pairs, Apple-Banana, was not
considered compatible then Apple-Banana-Carrot would not be fully pairwise
compatible and would not be considered a clique. Note that clique ﬁnding for
small numbers of ﬂavors, or items more generally, can perhaps be conducted
by hand, but for large numbers of items advanced algorithms are required. For
instance, if there are 20 ﬂavors there are more than a million possible ﬂavor
combinations.
Using this clique ﬁnding technique, vast numbers of combinations can be
eliminated from consideration, allowing the researcher to focus attention on a
short of list of fully compatible combinations. This method is not meant to sup-
plant existing techniques but rather, in a manner similar to response surface
(Mullen and Ennis, 1979) and fractional factorial (Mullen and Ennis, 1985) de-
signs, is meant to complement existing methods by helping researchers screen
large numbers of combinations down to a reasonable size list that can then be
analyzed in greater detail. An advantage of the graph theoretic approach over
response surface or fractional factorial designs is that all item combinations are
represented equally to the respondents, albeit indirectly.
The clique ﬁnding or graph theoretic approach, while promising, depends
42on a crucial assumption. In particular, in any product category in which we
wish to apply the above approach, in order to justify the elimination of combi-
nations that are not fully pairwise compatible and to reasonably focus only on
combinations that are fully pairwise compatible (i.e. the cliques), we need to
know that the following assumption holds:
Principle of Supercombinatorality (SC): Combinations that are fully pairwise
compatible will be considered more compatible overall than combinations that
are not fully pairwise compatible.
SC is so named as it asserts that compatible combinations can be super-
constructed from compatible pairs. In the language of food science, SC says
that compatible food products can be constructed from compatible food compo-
nents. In the language of graph theory, SC says that cliques will be considered
more compatible than non-cliques.
The ﬁrst use of the graph theoretic approach for investigating food items
(Nestrud et al., 2010) tested whether or not SC holds at the level of individual
subjects. In that study, subjects completed a pairwise questionnaire assessing
the compatibility of twenty-ﬁve salad ingredients. Clique-based salads of three
to eight ingredients were found based on the individual subjects responses and
subjects were asked to assess both these clique-based salads as well as salads
based on random non-cliques. The performance difference between the cliques
and non-cliques was signiﬁcant for all combination sizes. For example, for the
size eight combinations, i.e. the salads with eight toppings, the difference in
proportions of subjects choosing the cliques vs. non cliques as compatible was
40%, with the cliques reported compatible over 90% of the time. Thus the SC ef-
fectwasvalidatedinthisinstanceattheindividuallevel. However, productsare
43typically developed for groups rather than to satisfy individual particular con-
sumers. Therefore it is important to validate supercominatorality at the group
level, which we demonstrate in this paper for the pizza category. The study
also provides an outline that can be followed for other product categories. Val-
idation in other categories would allow the product developer to be conﬁdent
that potentially viable combinations are not ignored and also to ﬁnd surprising
combinations with innovative promise.
4.2.1 Experimental Overview
The study we describe in this paper tests our hypothesis that SC holds at a
group level. In particular, we developed a procedure for gathering pairwise
compatibility information and for combining the responses from all of our sub-
jects together. We used a hypothetical scenario to predict a selection of highly
liked pizzas based on cliques and validated our prediction by comparing these
predicted pizzas to non-predicted pizzas based on non-cliques. First, an inter-
net survey gathered information on which pizza toppings were popular. The
top twenty-ﬁve toppings from this survey were used for the subsequent inves-
tigation. Subjects answered pairwise compatibility questions based on a survey
containing all possible pairs of the twenty-ﬁve toppings. Using the combined
group responses, we predicted larger combinations, or cliques, of size three
through six of toppings that were expected to be compatible according to SC.
To add resolution to our subsequent analysis, we divided these predicted com-
binations into two groups, maximal cliques and the non-maximal cliques. A
maximal clique is one that is not contained in any larger clique. A non-maximal
clique, therefore, is necessarily contained within some larger clique.. We tested
44each of these groups separately to distinguish if there were any unique proper-
ties of maximal cliques or non-maximal cliques related to the SC effect. A third
group, one of non-cliques, was created as a control group. A non-clique was
a combination of pizza toppings where at least one pair from the combination
was not considered compatible.
4.3 Materials and Methods
4.3.1 Subjects
100 subjects (29 male) completed the online survey. The subjects were screened
for both pizza consumption (at least monthly) and for whether or not they reg-
ularly consumed meat. The reason the subjects were screened for meat con-
sumption is that we did not want vegetarianism or perceived vegetarianism to
be confounding factors. For the main study, 124 subjects (48 male) completed
Part 1 and 119 returned for Part 2. These subjects were also screened for pizza
consumption and whether or not they regularly consumed meat. The testing
protocol was approved by the Cornell University Institutional Review Board
and subjects gave informed consent.
4.3.2 Internet Pre-Survey
Panelists were recruited from online social networking websites as well as from
internal email recruitment lists. The purpose of the survey was to develop a
list of twenty-ﬁve popular pizza toppings. For the reasons described above,
45we had subjects check off which meats they had consumed in the past year
from a comprehensive list of protein sources (e.g. beef, pork, lamb, ﬁsh, etc.).
Subjects whom did not consume any meats were not used in the subsequent
analysis. It is also worth noting that there is a recent trend of gourmet pizzas
with non-traditional sauces, such as parmesan cream or pesto. To avoid this
potential confounding factor, the subjects were told that for the purposes of the
survey the pizza was a traditional tomato sauce based pizza with mozzarella
cheese. The subjects were then asked to list what toppings they would choose
on the pizza if cost was not an issue. The top 25 ingredients by frequency of
appearance were calculated (Table 4.1).
Table 4.1: Ingredientsweredeterminedinasurveyofpopularpizzas. Sim-
ilar ingredients, such as garlic and roasted garlic were com-
bined.
Ingredients
Anchovy Artichoke Bacon Basil
Black Olive Broccoli Chicken Eggplant
Feta Green Bell Pepper Ground Sausage Ham
Italian Sausage Jalapeno Mushroom Onion
Pepperoni Pineapple Prosciutto Red Bell Pepper
Red Onion Ricotta Cheese Roasted Garlic Spinach
Tomato
4.3.3 Survey Details - Part 1
All three hundred possible pairs of the twenty-ﬁve ingredients in Table 4.1 were
generated. Paper based surveys then asked the subjects to check YES or NO
46as to whether or not they perceived the two ingredients to be compatible on a
traditional pizza. Using purchase intent as a proxy for compatibility, the speciﬁc
question was:
For each row on the following pages, please indicate whether you would or would not
purchase a pizza if the one they have for sale has the toppings listed. Please do not
purchase the pizza if you do not intend to consume all of the toppings (e.g. please do not
plan on picking off a topping you do not like).
Both the order of the pairs and the order of the ingredients within the pairs
were randomized for each person. Subjects were recruited to come to the sen-
sory testing facility at Cornell University where they completed Part 1.
4.3.4 Survey Details - Part 2
Responses from Part 1 were combined together by counting the total number
of times a pair was determined to be compatible. These counts were input in a
triangular similarity matrix of all twenty-ﬁve ingredients (Table 4.2). This ma-
trix was then used to generate cliques as follows. First, for a series of hypoth-
esized thresholding values, counts equal to or above threshold were taken to
indicate compatibility between pairs while counts below threshold were taken
to indicate incompatibility. For each threshold value, the maximal cliques were
determined using graph theoretic techniques. Since our pre-survey indicated
that pizzas with more than six toppings were undesirable, we chose as our ﬁ-
nal threshold the smallest threshold that gave cliques of size six but none of
size seven. As the threshold is decreased, more pairs are considered compatible
and hence more and larger cliques will be formed. In particular, our choice of
47threshold was 78 out of 124. From this analysis, a list was generated of all of
the maximal cliques ranging in size from one to six. The complete set of maxi-
mal cliques is presented in Table 4.3, and note that from this list all cliques and
non-cliques can be determined.
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52The survey for Part 2 resembled that of Part 1, including the instructions,
with the exception that instead of presenting pairs we presented combinations
of toppings. Each person was presented with the complete set of maximal
cliques presented in Table 4.3. For every maximal clique of a given size, a
matched size non-maximal clique and non-clique were also input into the sur-
vey. Because there were many possible non-maximal cliques and non-cliques,
these were drawn randomly for each person from the corresponding popula-
tion of non-maximal cliques and non-cliques. As in Part 1, each survey was ran-
domized both in the order of the combinations presented and the topping order
within the combinations. Each subject was presented with twenty-one maximal
cliques, nineteen non-maximal cliques and ﬁfteen non-cliques. There were not
anequivalentnumberofmaximalcliques, non-maximalcliquesandnon-cliques
in each survey due to the mathematical nature of cliques. All cliques of size six
were maximal, therefore there were only non-cliques and maximal cliques of
size six, but no non-maximal cliques. Similarly, there were no non-cliques of
size one, as by deﬁnition unique ingredients form cliques. The distribution of
combination sizes for each person is listed in Table 4.4.
4.3.5 Data Analysis
Comparisons between the groups were performed using Tukeys quick test
(Tukey, 1959), which compares whether or not two distributions overlap. All
data analysis including clique analysis and survey generation was completed in
R 2.10.0. Surveys were created using custom LaTeX templates and the R Sweave
package, which provided dynamic survey generation and ﬁne grained control
over the randomization protocol.
534.4 Results and Discussion
An analysis of the internet pre-survey data provides information about peoples
preferences for pizza toppings. Figure 4.1 shows the number of pizza toppings
that people chose for their pizza. The minimum number of toppings chosen was
one and the maximum was eight. The mean number was 3.2 (dashed line) and
the median was 3 (dotted line). 61 people chose three or fewer toppings. The
top twenty-ﬁve toppings calculated by frequency of appearance are presented
in Table 4.1.
Part 1 of the survey was completed in 20-35 minutes for each subject. Fig-
ure4.2isahistogramshowingthenumberofcompatiblepairsbypercentagesof
responses. As mentioned above, we adjusted our threshold to 78 out of 124 pan-
elists, which means that a proportion of people equal to 0.629 had to agree that
Table 4.4: Size and distribution of combinations used in second survey.
Values represent counts of purchase intent questions that were
asked for combinations of a given size. The maximal cliques
were constant for everyone. Non-maximal cliques and non-
cliques were chosen randomly for each person from all possible
combinations within the category.
Combination Size Max Cliques Non-max Cliques Non-Cliques
1 6 6 0
2 5 5 5
3 2 2 2
4 1 1 1
5 5 5 5
6 2 0 2
54Figure 4.1: In the scenario where people chose their preferred pizza freely
this is the distribution of the number of toppings that people
chose. The dotted line is the median (3), while the dashed line
is the mean (3.2).
a pair was compatible for it to be counted as an edge. An alternative threshold-
ing strategy could decide a threshold based on the proportion itself rather than
size of the combination (essentially our method in reverse). This would allow
the investigator to say we only want pairs accepted by 75% of the population.
Dangers of setting the threshold too high or too low are evident in Figure 4.2. If
the threshold is too strict, Type II error becomes a danger and if it is too lenient
Type I error becomes a concern. As the threshold goes up, you are more likely
to miss combinations that may be acceptable. As the threshold goes down, less
compatible cliques are likely to emerge in to the results. This risk assessment is
an important aspect of the experimental design.
Once our threshold was applied, 50 out of 300 compatible pairs moved for-
ward in the analysis. Figure 4.3 shows a graph with edges of the 50 pairs that
were used to ﬁnd larger combinations of compatible pizza toppings. It is ev-
ident from this graph that weakly connected toppings like pineapple and red
onion are liked in combination with few ingredients, as opposed to ingredients
55Figure 4.2: The distribution of responses from Part 1 of the survey. This
shows the number of pairs that people determined were com-
patible. The mean proportion was 0.50.
like pepperoni and roasted garlic. Ingredients such as anchovy and prosciutto
that are not connected to other ingredients tend to be liked, but only by them-
selves (or with ingredients not in our top twenty-ﬁve). From this graph we
found the complete set of non-cliques, non-maximal cliques and cliques from
sizes one through six.
The results provide evidence in favor of the SC property. The overall propor-
tions of YES responses for each of the three groups (non-cliques, non-maximal
cliques and maximal cliques) were [0.37, 0.65, 0.55]. These proportions are bro-
ken down by combination size in Table 4.5. Maximal cliques of size one (An-
chovy, Artichoke, Prosciutto, Jalapeno, Black Olive and Eggplant) were polariz-
ing and had proportions of people who reported purchase interest to a degree
more similar to that of the non-cliques than to the cliques. There is also a slight
trend across all three groups which indicates that as the number of ingredients
increases the probability of a combination being accepted is lower. This is in line
56with trend shown in the internet pre-survey in which subjects overwhelmingly
listed 1-3 ingredient pizzas as their favorites.
Figure 4.4 shows the average counts of the number of times a pizza with a
given number of toppings was chosen to be compatible for each of the three
groups. As noted above, the max clique of size one is distanced from the rest
of the clique responses because these ingredients are polarizing. The Tukey
quick test was designed to assess whether or not two distributions are sepa-
rated. There is no signiﬁcant difference between the maximal-clique and the
non-maximal clique groups. Formal statistical tests cannot be performed to test
the difference between the non-cliques and each of the clique groups because
the non-parametric tests, including the Wilcox or the Tukey quick test, require
that the distributions overlap. As these distributions do not overlap, we can
conclude that the distributions are in fact different and that there is evidence in
support of the SC effect.
Table 4.5: Proportion of panelists who chose pizzas of combination sizes
1-6 and overall to be compatible. There is a trend to decreasing
compatibility as size increases.
Combination Size Max Cliques Non-max Cliques Non-Cliques
1 0.41 0.68 0.48
2 0.64 0.69 0.42
3 0.66 0.62 0.36
4 0.56 0.62 0.29
5 0.57 0.58 0.26
6 0.55 0.68 0.37
Overall 0.55 0.65 0.37
57Figure 4.3: Edgegraphbasedonthresholdedpairwiseresponsesfrompart
1. Highly connected toppings are highly compatible.
The combinatorial approach of Ennis et al. (2010) holds promise in allowing
food product developers to gain information regarding a large number of food
item combinations in a cost efﬁcient manner. Even so, this technique rests on
the crucial SC assumption that needs to be validated before this approach can
be conﬁdently employed. Previously, SC was validated at the individual level
(Nestrud et al., 2010). The research communicated in this present paper demon-
strates that SC holds in a group setting and for a different product category.
In this case, the graph theoretic tools allowed us to screen almost a quarter of
58Figure 4.4: M:max cliques, C:non-max cliques, N:non-cliques. Distribu-
tion of average counts of compatible pizzas. Non-cliques were
liked less than cliques or max cliques. There is no difference
between the non-max clique and max-clique distributions.
a million possible combinations down to twenty-one cliques, which were then
shown to be of high quality in subsequent testing. Importantly, these results
were obtainedin under 30minutes byasking respondents togenerate only three
hundred binary responses.
A future project is to extend the combinatorial approach to meal design,
where components from different categories (e.g. starch, protein, vegetable,
dessert) are combined to create a highly compatible meal. This would be useful
in the many situations where meals are predetermined, from frozen foods and
airline meals to prix ﬁxe restaurant value menus and institutional settings such
as military and school lunch programs.
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63CHAPTER 5
A GRAPH THEORETIC APPROACH TO U.S. ARMY FIELD RATION
MENU DEVELOPMENT
5.1 Abstract
The graph theoretic approach to analyzing food combinations is based on pair-
wise compatibility information regarding pairs of items. From this information,
which can be collected directly from subjects in a straightforward manner, com-
patibility information for larger combinations is predicted. This approach has
been validated at the individual and group levels for meals consisting of combi-
nations of items within a single category, but has not yet been applied to meals,
such as boxed lunches, that are composed of representatives from distinct cate-
gories. The study presented in this paper extends the graph theoretic approach
to such a situation, speciﬁcally to military rations known as Meal-Ready-to-Eat
or MREsTM. MRETMmenus are composed of 11 different food categories (entr´ ee,
side, snack, etc.) and there are multiple items available in each category. From
these items, over 22 billion potential menus can be formed. To identify the most
compatible of these menus, pairwise data regarding food item combinations
across categories were collected from soldiers familiar with MREsTM. These sol-
diers were asked whether or not pairwise combinations of components were
appropriate to combine in a meal. Using graph theoretic tools, predictions were
made of optimal MRETMmenus and rankings, based on the pairwise informa-
tion, were created to assist product developers in the improvement of existing
menus and the invention of promising new menus. By applying the graph the-
oretic approach to meals with multiple categories, and by implementing a rank-
64ing approach to assess the compatible menus identiﬁed by the graph theoretic
technique, this paper adds two unique contributions to the growing body of
literature on combinatorial tools in sensory and consumer science.
5.2 Introduction
Consumer driven approaches to menu development have been elusive. A menu
is classically deﬁned as The portion of food taken at a particular time for the sat-
isfaction of appetite; the quantity usually taken at one time with the purpose of
satisfying hunger; a repast (Webster, 1913). Thus, with regard to a single meal,
the menu is the speciﬁc set of foods that comprise that meal. Perhaps unsur-
prisingly, this deﬁnition does not capture the complexity of the meal experience
nor give any indication of how to control it. The food industry has not spent
much effort developing meals, rather the focus has been on individual items
(Meiselman, 2000). Meiselman (2000) notes that the reason for this gap is be-
cause of the complexity of the meal experience which is composed of social,
psychological (see esp. Lawless and Heymann, 2010, chap. 2) and nutritional
factors. For operational purposes then, we deﬁne a meal as a combination of
foods from separate categories intended to be consumed together. An exam-
ple menu for a typical southern American meal is smoked pork with barbeque
sauce, corn bread, baked beans, coleslaw and lemonade. The good categories in
this example are protein, sauce, starch, bread, vegetable and drink respectively.
The reason that these items work well together to create a cohesive southern
American summer barbeque concept is beyond the scope of this paper, but it
includes all of the factors listed above - social: history and tradition, psycholog-
ical: ﬂavor contrasts (Lawless, 1977, 1979, 1987; Lawless and Heymann, 2010;
65Lawless, 2000) and nutritional: protein, fat, starch and a diverse array of nutri-
ents. The reader could easily come up with a favorite meal from their childhood
and also note the complexity as to the reasons why? their favorite meal may be
considered a good concept.
When consumer scientists and researchers create meals for commercial pro-
duction, it is often the complexity of the meal concept that drives development,
not considerations of consumer liking. Many foodservice manufacturers em-
ploy research chefs or use internal experts to make meal concept decisions.
Other sources for these concepts include teams of food scientists or the estab-
lished literature. All of these approaches are notable for the lack of utilizing
the intended consumer of the product as a source of information on how the
components should be combined together.
Despite the challenges, there have been some attempts at consumer driven
approaches. Regression based approaches have been used to predict consumer
preference for combinations of food items from the preference scores of the in-
dividual items (Eindhoven and Peryam, 1959; Hedderley and Meiselman, 1995;
Moskowitz and Krieger, 1995). Unfortunately predictions were poor due to
combination effects that this approach neglects to account for, including con-
sumer ethnicity, context, texture, color and frequency of consumption (Eind-
hoven and Peryam, 1959; Marshall and Bell, 2003; Niewind et al., 1986; Pilgrim,
1961).
Conjoint analysis is a more advanced regression approach, based on con-
sumer responses, which has achieved some success in predicting consumer
preference (Green and Srinivasan, 1978; Luce and Tukey, 1964). Conjoint analy-
sis predicts combinations by presenting multiple scenarios with different factor
66levels of the same factor (e.g. different entr´ ees or sauces) and ﬁnding utility
scores for each factor level for its contribution to the overall concept. Using
this approach, an optimal concept or combination of concepts can then be pre-
dicted (Moskowitz and Silcher, 2006). A more recent advancement in conjoint
based approaches allows the consumers themselves to choose the factor levels
in which they are interested from a list of alternatives (Liechty et al., 2001).
One notable soldier-based study gives insight into one of the reasons there
are challenges with the regression based approaches. In this study, a bartering
metric was used to evaluate how soldiers perceived a meal compared to indi-
vidual items (Lawless, 1994). Soldiers were observed in the ﬁeld trading meal
items with each other, much as elementary children do during school lunches.
Often, soldiers would build up reserves of a favorite item to use as trading ma-
terial. In 1994 this item was the Desert Bar, a chocolate snack product. Soldiers
rated how many Desert bars that they would trade for individual items. Next,
they rated how many desert bars they would trade for an entire meal, composed
of the items they had previously rated. It was observed that the meal was worth
less than the sum of the component parts on the desert bar scale. This meal dis-
counting effect has analogies in economics, where, for example, home audio
theater systems are cheaper than purchasing separately speakers, a television
and a DVD player. By showing that this effect occurs in foods, Lawless showed
that there may be economic-like forces that affect our evaluation of meals. This
discounting effect can be problematic for regression approaches that depend on
additivity. More generally, these challenges together with the complexity of re-
gression based approaches lead us to a relatively new approach to predicting
combinations of foods that can be combined to produce desirable meals.
675.2.1 Graph Theory
Graph theory is the mathematical study of connections (Bollobaas, 1998). For
our purposes, graph theory provides a toolkit which, when applied to foods,
provides a novel methodology for examining meal component combinations.
In this graph theoretic framework, foods are represented as vertices and foods
to which they are connected as edges between them (Ennis et al., 2011). The ad-
vantage of this representation is that it allows us to conduct advanced analyses
on how the foods are psychologically connected.
Ennis and Fayle (2010) have provided a speciﬁc graph theoretic methodol-
ogy for examining consumer responses and creating a cohesive model for pre-
dicting how items should be combined together If a consumer scientist is trying
to create pizzas for a ﬁxed-item menu at a large restaurant franchising chain,
for example, she might have twenty-ﬁve toppings to choose from, and she also
wants between three to eight toppings on the pizzas. The exhaustive list of
possibilities is 1,807,480 unique pizzas. The graph theoretic model provides a
consumer driven screening approach (Ennis et al., 2011) in which this list is
screened down to a small number of highly compatible pizzas. In a typical sce-
nario, this list would then go on to traditional methods of choosing a ﬁnal list of
pizzas to be introduced. The advantage is that this approach screens out close
to two million pizzas, an impossible feat by any other typical product develop-
ment scenario.
In the Ennis and Fayle (2010) model, consumers are presented with a list
of pairwise combinations of food items and asked whether or not it would be
appropriate to combine the two items together. This unique approach, essen-
tially, ﬁlls in the edges of a graph. Graph theoretic algorithms can then be
68applied to the responses to predict larger combinations of items. For exam-
ple, if a consumer states that the combinations Peach-Vanilla, Vanilla-Orange
and Peach-Orange are compatible ﬂavors as pairs, then the larger combination
Peach-Vanilla-Orange is a predicted compatible combination. This larger com-
bination is known as a clique, deﬁned as a completely connected set of vertices
(Moon and Moser, 1965). However, if one of the pairs, such as Peach-Orange
is not compatible, then the larger combination is not compatible. This concept
of seeking fully compatible combinations easily scales up to larger combination
sizes depending upon goals.
This approach was ﬁrst applied to foods by Nestrud et al. (2010) in an ex-
amination of salad components. The purpose of the salad study was to high-
light and validate the Ennis et al. (2010) approach by presenting consumers
with all possible pairs of twenty-ﬁve salad ingredients and ask whether or not
they thought it would be appropriate to combine the components together on
a salad. Predicted salads of size three to eight were created for each individual
based on their responses. Subjects were then asked whether or not the predicted
salads, as well as a selection of random combinations that were predicted to be
incompatible (e.g. at least one pair was not connected for the subject), were
in fact compatible. Overwhelmingly, for all combination sizes three through
eight, the results supported the compatibility (as measured by appropriateness)
of the predicted combinations over the random combinations, thus validating
the graph theoretic approach.
695.2.2 Meal-Ready-To-Eat or MREs
The purpose of the MRETM, or Meal, Ready to EatTMis to provide US mili-
tary personnel with nutritional sustenance where food service facilities are not
available. Three MREsTMprovide a days worth of subsistence. Each ration is
small and portable, occupying no more than 0.08 ft3. The components of an
MRETMinclude an entr´ ee, starch, spread, dessert, snacks, bakery item, fruit and
a condiment. Twenty four different MREsTMare in rotation at any given period
and from 1993 through 2010, 216 new items were added to menus and 65 re-
moved (RDECOM, 2010). One of the challenges of development is deciding
what existing food items to pair with items that are being considered for in-
troduction. MRETMdevelopment is the responsibility of the Combat Feeding
Directorate of the U.S. Army Natick R,D and E Center under the authority of
the United States Department of Defense.
It has been noted that the development of new combat rations is fueled by
the wants, needs and ideas of Warﬁghters themselves (RDECOM, 2010). How-
ever, due to complexities of deﬁning meal concepts noted above the primary fo-
cus of research has been on the development of individual ration components.
Soldiers provide acceptability information on individual items, and perhaps en-
tire meal concepts, but there has not been a soldier-centric approach to deciding
what components best go together to form a meal. One of the major reasons for
this is that there are 22,140,518,400 potential MREsTMthat can be created from
the available components! The current approach is for a small team to decide on
which components should be combined, and then these concepts are approved
by both soldier surveys and by Department of Defense ofﬁcials. Generalizing
the graph theoretic approach to our present purposes, however, we propose a
70newapproachforstreamliningthistypeofmenudevelopmentusinginputfrom
consumers, who in this case are soldiers.
In this paper then, we present the results of a study designed to extend the
graph theoretic screening method of Ennis and Fayle (2010) to more complex
food items such as MREsTM. In these more complex items, there are inherent re-
strictions as the combinations being screened are composed of items from many
different categories. In the case of the MRETM, for example, there are eleven dif-
ferentcategoriesandonlyoneitempercategoryisutilized. Thisrestrictionhasa
number of implications for both the experimental design and analysis. Extend-
ing the graph theoretic approach to this restricted environment, we will predict
most compatible menus, including two never-before-seen entr´ ees. In addition,
we introduce a novel concept of ranking for the candidate menus based on over-
all compatibility, which enhances previous approaches by not only providing a
list of highly compatible menus, but also by providing information that predicts
the relative performance of the proposed menus.
5.2.3 Experimental Overview
The present investigation uses a complex meal item, the MRETM, which is com-
posed of eleven categories of food items with many choices of items for each
category, and utilizes a graph theoretic optimization strategy to predict most
compatible MRE menus.. The concept of appropriateness (Schutz, 1988) pro-
vides us the framework for conducting our study under the correct context. In
particular, we use appropriateness to connect the graph theoretic framework to
the meal experience variables mentioned by Meiselman (2000) (e.g. social and
71psychological). To these ends, our primary consumers, military personnel, were
recruited on-site in Fort Drum, NY to answer surveys about menu items. The
graph theoretic tools were applied to the responses and ranked MRETMmenus
were presented to the Combat Feeding Directorate for ﬁnal consideration.
5.3 Materials and Methods
5.3.1 Subjects
Two hundred and seventy active duty personnel (216 male) were recruited at
Fort Drum, New York, USA to take part in the survey. These soldiers comprised
a convenience sample of primary consumers. Their average age was 26 and
most of them had been in the armed forces for at least ﬁve years. All had pre-
vious experience with MREsTMand 115 had eaten them at least once in the past
six months.
5.3.2 Survey Design
Eleven different categories of components were considered for evaluation and
are listed in Table5.1.
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76The number of items within each category varied from a high of thirty-two
(for entr´ ees) to a low of four (for fruits). In a previous graph theoretic inves-
tigation (Nestrud et al., 2010), all subjects were able to evaluate all possible
salad ingredient pairs. This was not possible in the current investigation due
to time constraints and the fact that in our present case there were over 10,000
pairs that could be formed across categories. Using the expertise of the Combat
Feeding Directorate, we reduced the list of all possible pairs down to a reason-
able number for evaluation. The a priori conclusion was made to not consider
candy or either beverage categories in combination with anything else, because
the experts in Combat Feeding felt that it was reasonable to assume these cate-
gories were rarely, if ever, taken into account by the soldiers when determining
overall compatibility. Further reductions were made by selectively choosing
which pairs of categories were unimportant to overall compatibility and elimi-
nating those. Eight of the twenty-six possible category pairs were concluded to
be the most important. The ﬁnal category pairs were: Bakery-Spread, Entr´ ee-
Bakery, Entr´ ee-Condiment, Entr´ ee-Spread, Entr´ ee-Starch, Fruit-Dessert, Fruit-
Snack and Starch-Fruit, containing a total of 104 individual items.
An exhaustive list was made of all 1370 between-category pairs. This was
the ﬁnal list of pairs to be evaluated by the soldiers. The complete set of pairs
was randomized both with respect to order within pairs and between pairs and
the resultant list was split into four surveys (in other words, four soldiers com-
pleting the survey corresponded to the entire set of pairs being evaluated once).
This partitioning of the pairs allowed each respondent to evaluate 342 or 343
pairs, a reasonable number. Demographic information was also included on
each survey. A truncated example survey is presented in Figure 5.1. The in-
structions on the ﬁrst page set the conditions for the evaluation:
77The purpose of this survey is to help us with designing better MREs. In this survey you
will encounter pairs of items that may be packaged together in an MRE.
For each row on the following pages, please ﬁll in YES if you would want to consume
ITEM A at the same meal as ITEM B.
Please ﬁll in NO if you would NOT want to consume ITEM A at the same meal as
ITEM B.
Figure 5.1: Example MRE survey.
5.3.3 Data Analysis
Due to some incomplete surveys, all pairs were evaluated between 61 and 69
times each. Total proportions reﬂecting how frequently each pair was chosen
as compatible were computed. These proportions were used to create thirty-
two individual lower triangular matrices, one per entr´ ee, as the entr´ ee is the
centerpiece of the MRETMmenu. The rows and columns of these matrices corre-
sponded to the food items in the study, with the (i,j) entry containing the com-
patibility proportion for the ith food item with the jth food item, according to a
predetermined ordering of the items. Where cross-category pairs were elimi-
78nated as a survey design consideration, proportions equal to 1 were input into
the matrices. All within-category pairs (e.g. Snack-Snack) were ﬁlled in with
zeroes to denote these within-category pairs as incompatible and meals with
multiple items from the same category impossible.
For each entr´ ee, we followed the following algorithm for determining the
compatible meals associated with the entr´ ee. The purpose of this algorithm is
to determine which cutoff for compatibility we should use to deﬁne a pair of
food items as connected from a graph theoretic standpoint. First, we followed
the following process for each of the proportion values in the matrix for the
entr´ ee under consideration, beginning with the largest proportion and proceed-
ing in decreasing order. For each proportion, any smaller proportions were tem-
porarily set to 0, meaning that the corresponding pair of food items was to be
considered, for the moment, as disconnected. Similarly, any equal or larger pro-
portions were temporarily set to 1, meaning that the corresponding pair of food
items was to be considered, for the moment, as connected. In this temporary
state, we found the cliques associated with this iteration, reset our values, and
started over at the next proportion. Recall that a clique is a fully connected com-
bination, so in this case a clique of food items corresponds to a fully compatible
meal. As we stepped down through the proportions, we stopped our search
as soon as cliques of size eight, the size of the MRETMmenu, were found. This
approach ensured that we found the MRETMmenus of maximum compatibility,
as further relaxing our cutoff for connectedness would have yielded more, less
compatible, menus.
To evaluate the quality of these menus, we used a novel ranking approach.
Having found the fully compatible menus in our previous step, we then calcu-
79lated the average proportion of compatibility for each compatible menu. More
speciﬁcally, for all inter-category pairs there was a proportion of compatibility
based on the original soldier responses. For each proposed menu, we averaged
those proportions, ignoring zeroes and ones, thus providing a valuable metric
for determining the best menus per entr´ ee. All data analysis was conducted
with R 2.10.0 and surveys were created using custom LaTeX templates and the
R Sweave package. Barcodes were used to efﬁciently scan in responses.
5.4 Results and Discussion
The top MRETMmenus for each of the 32 entr´ ees are listed in Table 5.2. The
score for each menu is the average proportion of compatibility between each
pair that was evaluated by the soldiers for that menu. The menu with the high-
est compatibility score contains Chili with Beans, with a score of 0.8160. The
Chili with Beans menu currently in production is paired with Mexican Corn as
a side, Cheese Spread and ground red pepper as a seasoning. By replacing these
items with those predicted from Table 5.2, we expect the overall compatibility
of the menu to increase along with, we predict, the overall liking of the menu.
ThelowestscoredmenucontainsSzechuanVegetableswithTofu(score=0.6377).
This means that there was no good combination of items, from all of the possi-
ble items presented, that would create a highly compatible MRETMmeal using
this entr´ ee. Rather than develop new MRETMmenu items across the board to in-
crease compatibility, the recommendation would be to eliminate this menu item
and to focus efforts on the entr´ ees with medium range compatibility scores to
increase compatibility and acceptance.
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85There were two entr´ ee items that were being considered for introduction.
Field tests to evaluate the palatability of the new entr´ ees typically are chal-
lenging, because the development group, by necessity, would make educated
guesses as to which of the other meal items they should pair with the entr´ ee to
create the MRETMmeal. We know that ﬂavor contrast effects and other contex-
tual effects are important to our overall concept of the meal, so it is important to
choose the entire meal carefully. Our study incorporated the two new entr´ ees,
which were the Beef Patty and the Beef Taco Filling. The best predicted menus
are shown in Table 5.2. Both menus have strong meal proportion scores, and the
Beef Taco Filling is one of only six entr´ ees with a score above 0.80. This gives
evidence that this particular meal combination is likely to be highly successful.
Table 5.3 contains the top 10 MRETMmenus for the Chili Mac entr´ ee. This
table illustrates the value of this approach as a screening tool and not as an
ultimate solution providing a single answer. For example, in Table 5.2 we notice
that there is very little variation in some of the categories, such as Desserts and
Spreads. However, using Table 5.3 we can see that we could use the 8th ranked
combination rather than the 1st ranked item, introduce some variety into this
category, and the compatibility score drops only 0.50%.
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88In a similar vein and perhaps unsurprisingly since the respondents were a
typical cross-section of soldiers, some of the entr´ ees that are designated vegetar-
ian have been combined with meat based side items (e.g. Penne with Vegetables
and Potato, Cheddar and Bacon soup). This is another example where the ex-
pertise of the meal developers is critical to ﬁnd and further screen out these in-
compatible combinations. Alternatively, this expertise could be used to further
restrict the pairs included in the test design, in this case not presenting soldiers
with any pairs involving vegetarian and non-vegetarian items simultaneously.
Other restrictions speciﬁc to MREsTMthat are not incorporated into the model
and are left for screening include size of components, nutritional restrictions,
variety and intended use. It is worth noting that tools from discrete mathemat-
ics, speciﬁcally algorithms that approach the so-called knapsack problem could
be used to address these problems (Martello and Toth, 1990). As currently exe-
cuted, however, the current proposed meal development approach provides an
excellent tool for evaluating and screening billions of potential meals.
One possibility worthy of investigation is that compatibility scores might be
correlated with whether or not a menu item is liked at all. That is, if an item
is compatible with large numbers of other items, it may well be a highly liked
item. Alternatively, an item with low compatibility with other items, e.g. the
Szechuan Vegetables with Tofu item, in the present study might well be simply
a disliked item and no combination at all would make the score of this entr´ ee
high. A useful follow-up study could investigate these correlations. If there is
liking information embedded in the compatibility information, this approach
would prove even more powerful.
With the addition of categories to the Ennis and Fayle (2010) model, we
89have provided a way to measure complex information about meal experience.
This methodology takes a meta-level approach to meal design by looking at
which items are combined together most often using the consumers, in this
case soldiers, themselves to deﬁne the criteria for connectivity. As long as
consumers have some sort of common understanding of what should be com-
bined together, no matter the reason, this methodology will capture compat-
ibility patterns and provide concrete recommendations for highly compatible
menus. Even though this approach does not speciﬁcally concern itself with the
social, psychological and nutritional factors that Meiselman (2000) proposes as
building blocks of the meal experience, by incorporating the graph theoretic ap-
proach with an appropriateness framework and internal expertise, all three of
Meiselmans factors are accounted for.
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93CHAPTER 6
GENERAL DISCUSSION AND CONCLUSIONS
6.1 Discussion
This research program provides the consumer science community with the ﬁrst
empirical investigation using graph theory to represent food connections. It is
believed that this methodology will be further developed and become a stan-
dard portion of the sensory scientists toolbox. The questioning procedure has
subjects rate pairwise compatibility information on popular ingredients. In the
graph theoretic model this builds up the connectivity information necessary to
build a graph (see Figures 3.3 and 4.3). Graphs are dynamic mathematical repre-
sentationsthathavenumerousanalysesavailableforthem. Theimplementation
of clique ﬁnding algorithms to explore larger combinations is only the tip of the
iceburg of what can be done.
The open challenge of ﬁnding optimal combinations of food components
for various applications (MREsTM, frozen meals, pizzas, salads, ﬂavor combi-
nations for yogurts/smoothies, etc.) led to the natural application of cliques to
predict those combinations. The usefulness of this approach was dependent on
validation, however. First, the salad study showed, for individuals, that pair-
wise information does provide good predictions of overall. Table 3.4 illustrates
that the majority of people chose predicted combinations over random combi-
nations. In fact, out of the 63 people in the study only 3 chose more non-cliques
than cliques as being compatible. This shows the potential of the method’s re-
markable abilities to create predictions.
94Even though the methodology was shown to hold at the individual level,
it was important to provide methodology to combine individual group data
together to form a group consensus (See Table 4.2) and also show that, when
these data were combined, that too much information was not lost. Table 4.5
shows that in fact the scaling up does hold at the group level as well. It is im-
portant to note, however, that these concepts were only validated for a pizza
and salads and that, while probable, it is not a given that these results would
be mirrored for all possible categories of foods. Thus, Chapter IV also serves as
a template for validating the method for other product categories. Once vali-
dated, the method can be used faithfully to measure changes in perception over
time, predict new combinations of foods, investigate competitors products and
optimize product lines.
Chapter V introduced an extension to the experiment which served multiple
purposes in this research program. First and foremost we introduced methodol-
ogy to extend the graph theoretic approach to menus that is, optimizing items
from different categories. Second, by using MREsTM, we chose an incredibly
complex product with 11 different categories of food items and over 100 dif-
ferent components. This stress-tested the method, as typical meals in other ap-
plications (schools, prisons, frozen meals, etc.) have 3 or 4 categories and only
a handful of options in each category. We also chose to focus on the entre as
the centerpiece of these meals and build our menus around the entre frame-of-
reference (Table reftab:mremeals). This approach, combined with the ability to
rank menus, provides extremely useful information to the product developer to
help screen potential new menus.
Some improvement to the methodology may help prevent against missing
95important combinations. For example, by using a ”clique-minus-1” technique
one could ﬁnd combinations that are almost cliques, but missing perhaps only
one edge. This would cast a wider net and provide the ability to catch more
potential combinations, and it is conceivable that these combinations may have
higher scores than cliques. Another way to help prevent against missing im-
portant combinations would be to determine weighting for scores. Currently,
all category pairs are deemed equally important when attaching the score to
the combinations in Chapter V. If we knew that any pair containing the entr´ ee
were more important, the score could be weighted accordingly, increasing the
accuracy.
There are a number of obvious follow-up studies that should take place.
First, it is desired to take our predicted MRETMmenus back to soldiers and run
a validation experiment to test if our predictions fare better than random com-
binations. We would also like to correlate this with individual liking informa-
tion for the various components, as this would allow us to discover if there is a
combination effect or not. Second, these results should be replicated with addi-
tional product systems and with different groups of people. Do children form
the same complex pairwise relationships with foods? Or are more simplistic
regression based approaches good enough?
6.2 Conclusions
These investigations have shown the potential for the graph theoretic approach
to revolutionize the way combinations of foods are mathematically represented
(from the analysts point of view) and developed (from the food product devel-
96oper/ food scientists point of view). The ﬁrst two investigations have validated
the necessary underlying assumptions needed for the method to be trusted. The
ﬁnal investigation shows a complex real world application and demonstrates
the type of results that can be expected when employing this methodology.
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